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Abstract

Deep reinforcement learning (DRL) has revolutionized quan-
titative trading (Q-trading) by achieving decent performance
without significant human expert knowledge. Despite its
achievements, we observe that the current state-of-the-art DRL
models are still ineffective in identifying the market trends,
causing them to miss good trading opportunity or suffer from
large drawdowns when encountering market crashes. To ad-
dress this limitation, a natural approach is to incorporate hu-
man expert knowledge in identifying market trends. Whereas,
such knowledge is abstract and hard to be quantified. In order
to effectively leverage abstract human expert knowledge, in
this paper, we propose a universal logic-guided deep reinforce-
ment learning framework for Q-trading, called Logic-Q. In
particular, Logic-Q adopts the program synthesis by sketching
paradigm and introduces a logic-guided model design that
leverages a lightweight, plug-and-play market trend-aware
program sketch to determine the market trend and correspond-
ingly adjusts the DRL policy in a post-hoc manner. Extensive
evaluations of two popular quantitative trading tasks demon-
strate that Logic-Q can significantly improve the performance
of previous state-of-the-art DRL trading strategies.

Introduction

Deep reinforcement learning (DRL) has revolutionized many
quantitative trading tasks, e.g., stock trading (Ee et al. 2020;
Nan, Perumal, and Zaiane 2022), portfolio allocation (Guan
and Liu 2021; Cui et al. 2023), order execution (Fang et al.
2021; Zhang et al. 2023), etc. Unlike traditional analytical
solutions (Bertsimas and Lo 1998; Almgren and Chriss 2001),
the DRL strategies do not require significant human expert
knowledge to design and are able to capture the market’s
microstructure automatically (Fang et al. 2021).

Despite its great success, previous works present that the
DRL strategies are prone to overfitting to spurious noise
within the historical context sequence (i.e., training data),
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Figure 1: Illustration of the cumulative return curves of two
state-of-the-art DRL stock trading strategies during two mar-
ket crashes of the US stock market.

which results in their poor performance on testing context
sequence (Zhang et al. 2023) when encountering extreme
market conditions. To achieve more robust and profitable
DRL strategies, many recent efforts have been made. E.g., for
the order execution task, Fang et al. (Fang et al. 2021) propose
a novel policy distillation approach based on the teacher-
student learning paradigm, which presents better performance
on future trading (test) period, and for the stock trading task,
Yang et al. (Yang et al. 2020; Liu et al. 2022) introduce
a novel ensemble reinforcement learning approach which
dynamically selects the best-performing agent policy among
three popular DRL policies. This approach has been shown to
achieve better risk-adjusted returns during the testing period.

However, even state-of-the-art DRL strategies struggle
to accurately identify market trends. This leads to missed
trading opportunities and large drawdowns when encounter-
ing market crashes. Figure 1 shows the cumulative return
curves of two state-of-the-art DRL stock trading strategies
(i.e., Sharpe-Ens (Liu et al. 2022; Yang et al. 2020) and
AlphaMix (Sun et al. 2023)) during two market crashes of
the US stock market. p; denotes the Dow Jones Industrial
Average (DJIA) market index. Specifically, for both cases,
we observe that as p; descends, both DRL strategies fail to
foresee the market crash, and the cumulative return drops



significantly. A natural idea to improve the performance of
the DRL trading strategies is to embed human expert knowl-
edge (Zhou et al. 2019; Brock, Lakonishok, and LeBaron
1992) regarding market analysis, as previous works show that
the technical indicators of the market are effective in guiding
trading decisions (Stoll and Whaley 1990; Lo, Mamaysky,
and Wang 2000). Whereas, the human expert knowledge of
market trends is abstract and difficult to quantify because the
concrete numeric values associated with market indicators are
hard to be manually specified. E.g., the following first-order-
logic rule represents a straightforward human understanding
of a slow decline market trend:

slow-decline ¢ (VOL(t) < o) A (DSR(%) > 5) (1)
The downside risk indicator DSR(¢) of the current time step ¢
measures the potential price decrease, and the volatility indi-
cator VOL(t) measures the degree of variation in the trading
price of a market at time step ¢. A slow decline in the market
trend can be identified when the downside risk exceeds a
threshold a while the volatility remains below a threshold
B, indicating a steady downward price movement without
significant fluctuations. However, it is hard to specify the
detailed value of «, 3 as the market changes over time. To ad-
dress this and make the best use of the abstract human expert
knowledge, in this paper, we adopt the program synthesis by
sketching paradigm (Solar-Lezama 2008) and propose a uni-
versal logic-guided deep reinforcement learning framework
for Q-trading, called Logic-Q. Specifically, Logic-Q adopts a
logic-guided model design that proposes using a lightweight,
plug-and-play market trend-aware program sketch to embed
human expert knowledge of market trends. The program
sketch illustrates the overall structure of the abstract human
expertise while leaving the concrete numeric details as hole
to be completed (i.e., parameterized). Once parameterized,
the program sketch identifies the market trend for the current
time step and adjusts the action probability distribution of
the trained DRL policy accordingly, while keeping the model
weights frozen. Note that the lightweight design of the pro-
gram sketch allows it to be efficiently optimized with only a
small amount of validation data. To demonstrate the effective-
ness and the generality of Logic-Q, we conduct experiments
on two popular quantitative trading tasks (i.e., order execu-
tion and stock trading). The results show that the logic-guided
design of our framework allows it to significantly improve
the performance of the state-of-the-art DRL strategies while
being extremely lightweight.

The contributions of our paper are as follows:
* We propose a universal logic-guided deep reinforcement
learning framework for quantitative trading, called Logic-
Q, which can effectively embed abstract human expert
knowledge regarding market trends in a logical manner.
Experimental results on two popular quantitative trading
tasks demonstrate that Logic-Q can significantly improve
the performance of the state-of-the-art DRL strategies
while being extremely lightweight.
To the best of our knowledge, it is the first paper to utilize
a symbolic model to enhance DRL trading strategies. The
general design of Logic-Q may motivate the community to
explore its applications in finance further.
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Preliminary
Order Execution

Order execution (OE) (Cartea, Jaimungal, and Penalva 2015)
refers to the process of carrying out a financial transac-
tion based on a buy or sell order placed by an investor in
the financial markets. The goal of the OE is to maximize
the revenue by placing the right amount of orders at each
timestep. In this work, we follow the formulation of Fang
et al. (Fang et al. 2021), given the state representation s;
of timestep ¢, a reinforcement learning agent propose a cor-
responding a; ~ m(s;), a; is discrete and corresponds to
the proportion of the target order (). And the trading vol-
ume to be executed at the next time is q;.41 = a; - Q,
and the optimization objective of policy 7 is to maximize
the expected cumulative discounted rewards of execution

arg maxF . [ T APROE (s, at)} where  is the discount
factor. ROF is defined as follows:

trading profitability
OE bi+1
Ry (st,ai) = ay (ﬁ - 1> -

where p % ZiT;()l pi+1 1s the averaged original mar-
ket price of the whole time horizon. And the reward RY”
specifies that the agent policy should maximize the vol-
ume weighted price advantage (i.e., trading profitability):

ptgl - 1) and minimize the market impact (measured

market impact penalty
—
2
a(ay)

@

Q¢

with a quadratic penalty): —a (a;)>.

Stock Trading

Stock trading (ST) (Yang et al. 2020; Markowitz 1952) refers
to the task that requires a strategy to determine how to adjust
a stock portfolio in order to maximize the cumulative return
over time. Formally, let p; € RP be the share price of D
stocks at timestep ¢, s is the state representation that contains
market information and the trader’s remaining balance b;.
The RL agent should propose action a; ~ 7w(s;),a; € RP,
which is a vector of actions over D stocks. The action space
is definedas {—k,...,—1,0,1,...,k}, where —k and k rep-
resent the maximum number of shares the agent can sell or
buy. Finally, the optimization objective of an ST agent policy

. . T-1
is to maximize arg maxE, [ im0 V'RYT (s, ar) |, where
™

R?T denotes the balance change, formally:

sell change  buy change
ST S S B _B
Ry™ (st,a) = pray — pya 3

where pia; represents the balance change due to selling
stocks (i.e., sell change), and ptBaé3 denotes the balance
change due to buying stocks (i.e., buy change).

Methodology

In this section, we introduce the details of the proposed
program sketch-based tuning (Logic-Q) framework, which
effectively combines symbolic market analysis and neural
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Figure 2: Overview of the Logic-Q framework.

decision-making. The overview of Logic-Q is shown in Fig-
ure 2. Concisely, we first introduce using a program sketch to
embed abstract human expert knowledge for market analysis.
It consists of multiple logic conditionals to describe the mar-
ket trends while leaving numerical details as placeholders
to be optimized. We adopt a Bayesian Optimization model
to parameterize the program sketch. Once parameterized, it
receives the market features I"**" as input and is executed
with a program interpreter to determine the market trend 7 of
the current time step ¢. Based on the program execution, the
program sketch returns the conditional tuning parameters ¢..
It is used to tune the trained DRL policy 7(s;) accordingly
to 7(s;). Due to the symbolic nature of the program sketch,
we introduce an effective and efficient optimization approach
to optimize its parameters. The following part of this sec-
tion is organized as follows: we first illustrate the market
trend-aware program sketch in detail, then we introduce the
program sketch-based tuning approach, and finally, we detail
the proposed optimization method of the program sketch.

Market Trend-aware Program Sketch

As aforementioned, the state-of-the-art DRL policies struggle
to accurately identify market trends, and the symbolic human
expert knowledge regarding market trends is abstract and
hard to quantify. In order to effectively combine symbolic
market analysis and DRL policies, we adopt the program
synthesis by sketching paradigm (Solar-Lezama 2008; Cao
et al. 2022; Verma et al. 2018) and propose using a gen-
eral program sketch to embed abstract human expert knowl-
edge regarding market analysis for DRL policies. The de-
tailed program sketch (denoted as o) is shown in Figure 3.
Concretely, it consists of multiple conditional statements,
each of them denoting a logical description of a specific
type of market trend. The condition of each statement is a
boolean expression that logically describes a single market
trend. In particular, the program sketch describes five mar-
ket trends: steady descend, steady ascend, rapid descend,
rapid ascend, and oscillation. And it takes market informa-
tion I'"*?" as input, which involves three market indicators:
Imer(t) = {voly(t),dr,(t), gr,(t)}, where t denotes the cur-
rent time step. The details of the three technical indicators
are as follows:
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if (vol (t) > @““dv) A (dry(t) > @Cndo) then

rapid

return ¢%P

elseif (vol

(

< @C"dl) A (drg > @;“dl) then
)~ (et
)

< ®cnd; A (

steady

return ¢°°

elseif (vol

) > @Cnd2 ) > @cnd2> then

ascend descend descend

rapid

return ¢4

elseif (vol

) > @Cnd ) then

steady

oscillation ascend

return ¢34
else

return ¢°5¢

fi

Figure 3: The program sketch used for market analysis.

volatility (voly(t) € [0, +o0]) measures the degree of
fluctuation of the market price at the timestep ¢ with a
history context window of size g, which is calculated as:
voly(t) = £ % | (a; — &)°, where x; is the market daily
close price and Z is the mean market price of a time window
of size G.

[0

downside risk (dry(t) €

1 n - 2
dry(t) - XZ%K:E (Z — ),
number of observation below the market mean price & and
x; is the corresponding market close price. It measures the
variance of the negative return of the whole trading period.

We use it as an indicator to reflect the potential loss of the
market.

growth rate (gr () € [0, +-00]) measures the percentage

of increase over a specified time span. We use it as an indi-

cator to reflect the market’s ascending tendency. Formally,
Xslar(

(%) X ]_00% lf X[ > Xslart
0% if Xt S Xslan

where X is the market close price at timestep ¢ and Xy
is the beginning market price in the period of g.

If a condition is satisfied (i.e., a specific type of market trend
7 is identified), the corresponding consequent will be exe-
cuted, which returns a tuning parameter ¢”. Take the steady
ascend market trend for example, if the volatility of the cur-
rent market is relatively low and the growth rate is high,
we can infer that the market is ascending steadily. Whereas,
if the volatility and growth rate of the current market are
both high, it often denotes a rapid ascend market. It is ob-
vious that the definition of lowness and highness is ambigu-
ous. To allow boolean expression with ambiguity, we in-
troduce using the hole construct (Solar-Lezama 2008; Cao
et al. 2022), which represents unspecified scalar/tensor pa-
rameters as placeholders to be completed. Therefore, for
example, the above-mentioned understanding of the steady
ascend market trend can be quantified with the boolean

expression:(volg(t) < ®8nd3) A (grg(t) > @i“df‘), where

O and the corresponding consequent ¢ are holes to be com-
pleted (i.e., parameterized).

, +00]) is defined as

where n is the total

gry(t)



Program Sketch-based Policy Tuning

Given a parameterized program sketch o(gi ¢i)je_ (Where
c is the total number of conditional statements), a program
interpreter is used (as shown in Figure 3) to execute the
program, which determines the market trend 7 of the current
time step ¢ and returns the corresponding tuning parameter
¢". Given the tuning parameter ¢" and a trained DRL policy
mo(st), where 6 is the model parameter of the DRL agent.
‘We now conduct the post-hoc program sketch-based policy
tuning, which can be formulated as follows:

“
@) o

where f4- denotes a tuning function that leverages the
tuning parameter ¢” to adjust a trained DRL policy g, s; is
the state of timestep ¢, I"*(t) denotes the input features of
each instruments, 7 represents the post-tuned policy.

Specifically, in this work, to demonstrate the generality of
Logic-Q, we implement two types of tuning functions for
two corresponding reinforcement learning paradigms, namely
single-model reinforcement learning (Schulman et al. 2017;
Fang et al. 2021) and ensemble reinforcement learning (Liu
et al. 2022; Yang et al. 2020). For the single-model RL sce-
nario, where a single agent is used for decision-making: let
g be a trained DRL policy parameterized by 8, we freeze
the DRL model’s weight and implement f,- o mg(s;) as logit
scaling with Softmax temperature (Agarwala et al. 2022).
Formally:

’ﬁ-(sb ¢T) = fqb* © ’/TB(St)v
where d)T = 0{(0%,¢%)

c
i=1

)

logit(me(a;[st))
T

exp(

k
D j—1 XD

7~T(3t§¢r) = fqu © 7T9(3t) =

logit(me (a;|s:))
¢T
( )

(6)

Intuitively, ¢, is used as the softmax temperature which

dynamically adjusts the action probability distribution ac-

cording to the determined market trend 7 of the current time

step t. Specifically, for example, if the pretrained DRL pol-

icy performs poorly under the rapid descent market trend,

the confidence of the DRL policy should be lowered, thus

the corresponding ¢” would be high: ¢” € (1, 00|, which

smooths the action probability distribution.

For the ensemble reinforcement learning scenario, where
multiple models are involved for decision-making: let IT =
{mi | 0 < ¢ < k} be a set of policies of size k, the
subpolicies are independently trained. Given the observed
state s, of timestep ¢, we implement fy- o mg(s;) as the
bagging-based ensemble and take the weighted average of
the predicted action probability distribution of each policy
mi(+ | s¢50;),1 < i <|II|, which is as follows:

ZW

where ¢7,||¢7||1 = 1 is used as the weight tensor for com-
bining the pretrained subpolicies. Intuitively, the program
sketch decides the most suitable combination of the subpoli-
cies under different market trends, which allows us to make
the best use of different subpolicies. Besides, note that the

7(s4:0,07) ), 0<i<k (7

St7
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program sketch is extremely lightweight. Concretely, for the
single-model RL scenario, the program sketch contains only
13 float32 parameters, and for the ensemble RL scenario, the
program sketch contains 23 float32 parameters.

Program Sketch Optimization

Finally, we introduce an optimization method for the parame-
ters of the market trend-aware program sketch {(©%, ¢*)}¢_,
Due to the symbolic nature of the program sketch, it can-
not be optimized in an end-to-end manner, thus we adopt the
Bayesian Optimization (Snoek, Larochelle, and Adams 2012)
method for the optimization. Concretely, we first specify a
task-specific objective function 7 (¢). And since the program
sketch only contains an extremely small amount of parame-
ters, we only update the program sketch by maximizing 7 (¢)
on a small amount of validation data D,,, formally:

{@r, ¢:<}:::1 = {arg max Eﬁ [‘7({625 ¢Z}’f:17 DVala 77)}

©Pifi=1

)
where {©7, ¢¥ }?_, represents the optimal parameters for the
program sketch, 7 is the trained DRL policy with weight
frozen. Concretely, regarding the two tasks we evaluated in
this work, for the order execution task, we use the same
optimization objective as the DRL policy (i.e., expected cu-
mulative discounted reward). For the stock trading task, we
optimize the Sharpe ratio (Sharpe 1998) on the validation data
to achieve risk-adjusted performance. Finally, to execute the
Logic-Q policy 7* on the test (trading) data Dy (as shown
in the right part of Figure 2), we conduct decision-making
by executing the optimized program sketch to determine the
market trend of the current time step ¢, then we conduct pro-
gram sketch-based policy tuning on the trained DRL strategy
to adjust the neural policy accordingly and we sample the ac-
tion from the action probability distribution of the post-tuned
policy: &; ~ 7T*(s¢),t € Diegt -

Experiments

To evaluate the effectiveness of the Logic-Q framework, we
conduct experiments on two popular quantitative trading
tasks. Concretely, we evaluate the Logic-Q’s performance
under the single-model reinforcement learning setting on the
order execution task; and we evaluate the performance under
the ensemble reinforcement learning setting on the stock trad-
ing task. In the remainder of this section, we first introduce
the detailed experimental setup, and then we answer three
research questions (RQs) to lead our discussion, which are
as follows: RQ1: Can Logic-Q effectively improve a single-
model reinforcement learning policy’s performance? RQ2:
Can Logic-Q effectively improve an ensemble reinforcement
learning policy’s performance? RQ3: How well does the pro-
gram sketch’s market trend identification align with human
expertise?

Order Execution Setup

Datasets & Training We conduct all experiments on the
historical transaction data of the stocks of the China A-shares
market provided by Fang et al. (Fang et al. 2021). The dataset
consists of minute-level intraday price-volume market data
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Figure 4: Case studies of the execution details of different methods.
Method GLR POS PA (%) ARR (%) trading dataset collected by Yahoo Finance”. For our trading
VWA 0 p ‘ i tock pool lected the Dow Jones 30 constituent stock
VWAP 0.93 053 3.40 .04 stock pools, we selected the Dow Jones 30 constituent stocks
PPO 091£001 053£001 327025 859+0.63 for the US market following Yang et al. (Yang et al. 2020) and
OPD 091£001 052+001 341022 897+0.56 . . :
OPD (Aug) 090£000 0512000 3074021 8152055 Hang Seng China 50 Index constituent stocks as the tradmg
Logic-Q wiosketch ~ 0.92+0.01 052+0.01 350029 9.22x0.73 stock pool. In the cryptocurrency market,we chose ten high-
Logic-Q (Ours) 0.96 £0.00 0.55+0.00 4.33+025 11.53%0.63 : : : .
Tprovement over SOTA— 32% - XA P volume cryptocurrencies paired with USD: BTC, ADA, FIL,

Table 1: The comparative results of different methods on the
order execution task.

of CHINA SECURITIES INDEX 800 (CSI 800) constituent
stocks and the order amount of each instrument of each trad-
ing day. The results of the evaluated methods are all averaged
over 5 random seeds (same for the stock trading task).!

Compared Methods We compare our method with two tra-
ditional financial model-based methods (i.e., Time-Weighted
Average Price (TWAP) (Bertsimas and Lo 1998), Volume-
Weighted Average Price (VWAP) (Kakade et al. 2004)), and
two state-of-the-art DRL-based order execution methods,
namely PPO (Lin and Beling 2021) and OPD (Fang et al.
2021) (refer to the supplementary materials for the details of
these methods).

Evaluation Measurements We evaluate the OE strategies’
performance with 4 different measurements: (1) Price Ad-
vantage (PA): PA measures the relative gained revenue of a
trading strategy compared to a baseline price, (2) Additional
Annualized Rate of Return (ARR): ARR measures the addi-
tional annualized rate of return brought by an order execution
strategy compared to the TWAP strategy, (3) Gain-loss Ratio
(GLR): GLR is a metric that compares the average gain from
winning trades to the average loss from losing trades over a
trading period, (4) Positive Rate (POS): POS measures the
positive rate of PA across all orders over a trading period.

Stock Trading Setup

Datasets & Training For our stock trading analysis, we
conducted experiments across three diverse financial markets:
the United States stock market, the Hong Kong stock market,
and the cryptocurrency market. We use the public end-of-day

"Please refer to the supplementary materials for the detailed
experimental setup.
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ETH, LTC, BNB, EOS, ETC, LINK, and BCH. We evaluate
Logic-Q and the baselines under both the cash trading and the
margin trading scenario. For the margin trading setting, we
borrow funds equal to the total value of our account, creating
a 1:1 loan-to-value ratio. The borrowing amount is adjusted
every three months to maintain the same leverage ratio and
to repay the interest incurred from borrowing.

Compared Methods We compare our methods with the
mainstream rule-based strategies, utilizing the Stock Market
Index (p;) as a widely accepted performance baseline. For
the cryptocurrency sector, due to the lack of a universally
accepted market index, we employ an equal-weight Buy and
Hold (BAH) (Gort et al. 2022) strategy as a comparable
benchmark. The DRL strategies we compare against include
the state-of-the-art DRL strategies, namely DDPG (Lillicrap
et al. 2015), PPO (Schulman et al. 2017), Sharpe-Ens (Yang
et al. 2020) and AlphaMix (Sun et al. 2023) (refer to the
supplementary materials for the details of these methods).

Evaluation Measurements We evaluate the performance
of the ST strategies with 5 different measurements: (1) An-
nualized return (AR): Annualized return is a measure of the
average annual rate of return on an investment over a speci-
fied period, (2) Cumulative return (CR): Cumulative return
is the total amount of return on an investment over a specific
period, (3) Annualized volatility (AV): Annualized volatility
is a measure of the degree of variation of an investment’s
returns over a specific period, expressed as an annualized
percentage, (4) Maximum drawdown (MD): Maximum draw-
down is a measure of the largest percentage decline in the
value of an investment from its peak to its trough over a
specific period, (5) Sharpe ratio (SR) (Sharpe 1994): Sharpe
ratio is a measure of risk-adjusted return that compares the
excess return of an investment over the risk-free rate to its
volatility.

*https://github.com/yahoo-finance



US stock market

Cash Trading

| Margin Trading

Methods
AR CR AV MD SR | AR CR AV MD SR
D 9.3% 91.7% 18.9% -38.0% 0.564 9.3% 91.7% 18.9% -38.0% 0.564
DDPG 9.3% 82.7% 19.6% -31.7% 0.585 15.0% 164.8% 36.2% -49.4% 0.587
A2C 9.7% 94.7% 17.2% -25.2% 0.599 21.4% 303.3.% 26.7% -31.9% 0.851
PPO 11.5% 121.7% 16.9% -22.7% 0.807 10.3% 105.6% 26.8% -27.9% 0.549
AlphaMix 14.2% 169.7% 20.3% -33.1% 0.816 23.4% 372.6% 29.9% -34.3% 0.863
Sharpe-Ens 10.3% 124.2% 33.7% -43.8% 0.509 22.5% 332.9% 40.2% -49.5% 0.736
AlphaMix (Aug) 15.4% 181.9% 20.2% -38.1% 0.831 21.9% 370.5% 23.2% -37.0% 0.786
Sharpe-Ens (Aug) 11.4% 131.2% 30.4% -52.7% 0.548 21.3% 318.8% 36.6% -50.8% 0.662
Logic-Q w/o sketch 11.1% 125.0% 16.7% -27.9% 0.756 24.8% 384.2% 53.6.2% -68.4% 0.716
Logic-Q (Ours) 18.1% 239.6 % 16.5% -22.3% 1.097 32.9% 697.9 % 27.1% -26.1% 1.175
Improvement oer SOTA 17.5% 31.7% 1.2% 1.8% 320% | 32.6% 81.7% - 6.5% 36.2%
HK stock market
Methods Cash Trading \ Margin Trading
AR CR AV MD SR | AR CR AV MD SR
Dt -0.1% -5.4% 21.3% -55.7% 0.069 -0.1% -5.4% 21.3% -55.7% 0.069
DDPG 0.5% 3.7% 20.2% -52.9% 0.131 0.8% 20.7% 57.9% -81.6% 0.346
A2C 4.9% 35.9% 18.1% -42.6% 0.347 4.9% 41.2% 33.8% -61.3% 0.352
PPO 4.2% 39.4% 24.1% -51.4% 0.332 1.8% 15.1% 39.0% -68.6% 0.245
AlphaMix 5.3% 46.4% 19.4% -40.7% 0.473 16.7% 223.0% 34.1% -51.9% 0.727
Sharpe-Ens 0.8% 8.0% 38.3% -75.4% 0.184 11.6% 125.5% 42.7% -56.8% 0.483
AlphaMix (Aug) 5.3% 49.9% 20.3% -38.7% 0.465 19.2% 234.6% 34.5% -47.8% 0.926
Sharpe-Ens (Aug) 1.2% 9.0% 29.7% -68.9% 0.287 14.6% 131.7% 41.6% -63.7% 0.586
Logic-Q w/o sketch 4.1% 49.4% 21.1% -37.1% 0.366 5.9% 55.8% 32.5% -61.2% 0.416
Logic-Q (Ours) 11.8% 109.3% 21.3% -31.9% 0.624 24.1% 411.7% 29.7% -30.9% 1.135
Improvement over SOTA  122.6% 119.0% - 14.0% 319% | 25.5% 75.5% - 35.1% 22.6%
Cryptocurrency market
Methods Cash Trading ‘ Margin Trading
AR CR AV MD SR | AR CR AV MD SR
BAH 28.7% 228.4% 65.7% -80.9% 0.718 28.7% 228.4% 65.7% -80.9% 0.718
DDPG 28.5% 136.1% 68.7% -77.9% 0.709 0% 0% 267.7% -100% 0
A2C 25.3% 117.0% 56.7% -71.5% 0.682 39.7% 212.3% 103.1% -87.9% 0.844
PPO 46.7% 268.9% 64.8% -76.3% 0.915 63.5% 433.8% 76.5% -88.3% 1.020
AlphaMix 54.4% 339.1% 47.4% -50.3% 1.162 87.4% 750.9% 71.5% -63.2% 1.242
Sharpe-Ens 20.9% 91.1% 60.2% -69.6% 0.619 44.1% 278.7.5% 68.6% -79.5% 0.842
AlphaMix (Aug) 56.4% 376.9% 49.8% -47.9% 1.157 86.8% 736.4% 70.9% -65.1% 1.230
Sharpe-Ens (Aug) 227% % 100.6% % 60.6% % -71.5% %  0.643 | 45.7% % 301.5% % 69.1% % -80.3% % 0.879
Logic-Q w/o sketch 42.4% 264.7% 66.4% -71.3% 0.824 75.9% 583.8% 75.4% -86.1% 1.129
Logic-Q (Ours) 63.6% 437.9% 42.7% -46.1% 1.268 92.9% 836.6 % 70.6% -42.8% 1.291
Improvement over SOTA 12.8% 16.2% 10.0% 3.8% 9.1% 6.3% 13.6% - 56.4% 4.0%

Table 2: The comparative results of different methods on the stock trading task.

Single-model RL Improvement (RQ1) We first evaluate
whether Logic-Q can effectively improve the performance
of a single-model RL policy on the order execution task.
The results are shown in Table 1. It can be observed that
our method substantially increases total returns and reduces
maximum drawdowns while maintaining volatility within an
acceptable range. To demonstrate the imperativeness of the
program sketch, we conduct an ablation study. Concretely,
we remove the program sketch of Logic-Q, which degener-
ates the model into a simple policy with softmax temperature
scaling using Bayesian optimization (denoted as Logic-Q
w/o sketch). For a fair comparison, we use the same training
setup for the ablation. Table 1 shows that compared with
Logic-Q, the performance of Logic-Q w/o PS significantly
drops by all metrics, which demonstrates that the program
sketch is effective in embedding human expertise regarding
market trend. Besides, to demonstrate the improvement is
brought by the model design instead of merely the market
information, we augment the state-of-the-art DRL baseline
(OPD) by concatenating the market features with the input
state (i.e., [s¢, T""]) and follow the same training setup,
denoted as OPD (Aug) (as shown in Table 1). The results
validate that the market information alone is ineffective in
boosting the model’s performance. We further conduct an
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action analysis of different methods. Figure 4 shows the order
execution (selling) details (i.e., to sell a specific number of
shares) of different methods on 3 different assets of 3 differ-
ent days. The colored lines represent the volume of shares
traded (i.e., sold) by different strategies per minute, the grey
line is the the market price p; of the target trading asset. We
can observe that Logic-Q manages to capture better opportu-
nities than all the compared baseline trading strategies. For
example, in Case 1, Logic-Q can well identify an incoming
market descend and sell the shares at the highest price of the
day while the other strategies fail to do so and sell at much
lower prices.

Ensemble RL Improvement (RQ2) We then study
whether Logic-Q is effective in improving the performance
of an ensemble RL policy. We conduct experiments on the
stock trading task. The results on US and HK stock mar-
kets, as well as cryptocurrency market are shown in Table 2.
We can see that compared with the state-of-the-art base-
lines (i.e., Sharpe-Ens and AlphaMix), Logic-Q manages
to achieve a much higher return while decreasing the max-
imum drawdown, which results in its highest Sharpe ratio.
Similar to the OE analysis, we conduct an ablation by remov-
ing the program sketch from Logic-Q (denoted as Logic-Q
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Figure 5: Cumulative return curve of different methods in the
US market.

w/o PS), which degenerates the model into a simple bagging-
based ensemble strategy using Bayesian Optimization for the
ensemble weight tuning. The results in Table 3 show that the
performance of Logic-Q w/o PS drops significantly compared
with Logic-Q, which demonstrates the imperativeness of the
program sketch. We also evaluate the performance of the
state-of-the-art baseline models with market information aug-
mentation (i.e., AlphaMix (Aug) and Sharpe-Ens (Aug)). The
results in Table 3 show that augmenting the model input with
market information is ineffective in improving the models’
performance. Table 3 shows the maximum drawdown of py,
Sharpe-Ens, AlphaMix, and Logic-Q during the two crashes.
The results indicate that compared to the previous state-of-
the-art methods, Logic-Q presents much lower drawdowns
when encountering market crashes.

Interpretability of Program Sketch (RQ3) We further
investigate how well the program sketch’s market trend iden-
tification aligns with human expertise. We conduct the inter-
pretability analysis based on significant market crash cases
that happened from 03/09/2020 to 03/23/2020, due to the
Fed’s emergency rate cut that sparked a market-wide fire sale.
The results are shown in Figure 5. Concretely, for each time
step, if the optimized program sketch identifies the current
market as an ascending market trend (i.e., rapid ascend or
steady ascend), we denote it using a red vertical bar beneath
the market price curve p;, and if the program sketch identifies
the current market as a descending trend (i.e., rapid descend
or steady descend), we denote it using a green bar. Otherwise,
if the program sketch identifies the market as oscillation,
we denote it using a white bar. We can observe that for the
market crash under both the cash trading and margin trad-
ing settings, the area under the ascending period is reddish,
and the optimized program sketch manages to timely foresee
an incoming market fall (greenish area). The quantitative
results are shown in Table 3, we can observe that Logic-
Q manages to achieve much lower drawdown compared to
the state-of-the-art AlphaMix and Sharpe-Ens baselines. In
summary, the program sketch’s market trend identification is
interpretable by being strongly aligned with human judgment,
which allows the Logic-Q model to be more risk-resilient by
achieving much lower maximum drawdown under the market
crash.

18590

Method Case 1 CT | Case I MT
Dt -90.4% -90.4%
AlphaMix -62.6% -38.7%
Sharpe-Ens -78.2 % -72.8%
Logic-Q -43.3% -35.1%

Table 3: Maximum drawdown of different methods during
a market crash case. CT and MT denote cash trading and
margin trading respectively.

Related Work

DRL for Finance The financial markets’ dynamic nature
and increasing volatility have exposed the limitations of
traditional trading strategies, including autoregressive mov-
ing average (ARMA) (Said and Dickey 1984), pair trad-
ing (Elliott, Van Der Hoek*, and Malcolm 2005), etc. To
tackle this challenge, the quantitative trading community is
increasingly interested in utilizing deep learning and rein-
forcement learning techniques (Sutton, Barto et al. 1998;
Wang et al. 2019), which have already achieved great per-
formance in tackling complex stock trading (Wu et al. 2020;
Lim, Zohren, and Roberts 2019), order execution (Yu et al.
2020; Breiman 1996), and market making (Zhao and Linetsky
2021; Beysolow II and Beysolow 11 2019).

Program Synthesis by Sketching For many real-world
problems, the program search space is intractable, which
poses a great challenge for the synthesis model. Skerch-
ing (Solar-Lezama 2008; Singh, Gulwani, and Solar-Lezama
2013; Shah et al. 2020; Medeiros, Aleixo, and Lelis 2022) is
a novel program synthesis paradigm that proposes combining
the human expert and the program synthesizer by embedding
domain expert knowledge as general program sketches (i.e., a
program with hole). Then based on the program sketch, the
synthesis is conducted to fill the hole. In this way, the can-
didate program search space can be greatly reduced. Singh
et al. (Singh, Gulwani, and Solar-Lezama 2013) propose a
feedback generation system that automatically synthesizes
program correction based on a general program sketch.

Conclusions

In this paper, we propose a universal logic-guided DRL
framework for quantitative trading, called program sketch-
based tuning (Logic-Q), which embeds abstract human expert
knowledge regarding market trends via the program synthesis
by sketching paradigm. Logic-Q first introduces a general
market trend-aware program sketch that describes the market
in a logical manner while leaving numeric details that are
hard to quantify as hole to be optimized. Once parameter-
ized, the program sketch is executed to determine the market
trend of the current moment and the trained DRL strategy is
then tuned accordingly without updating the neural network
parameters. Finally, we introduce an effective optimization
approach to optimize the symbolic program sketch. Experi-
mental results validate that Logic-Q can significantly improve
the performance of state-of-the-art DRL strategies while be-
ing extremely lightweight.
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